Turbidity sensors can be used to continuously monitor the evolution of pollutant mass discharge.
INTRODUCTION
Since the 1970s, many studies have focused on the environmental impact of wet weather sewer overflows (Gromaire et al. 2001; Even et al. 2004) . In France, control of stormwater pollution was strengthened with the establishment of more stringent environmental regulations, such as the European Water Framework Directive (2000/60/EC). As a consequence, stormwater management within sewer systems can no longer be based on hydraulic flow alone, but must now also consider effluent quality.
Only a few wastewater quality sensors are available however, and pollutant discharge models have proved to be poor predictive tools (Kanso et al. 2005) . Recent studies have highlighted the potential for using turbidity sensors to continuously monitor pollutant discharges (Langeveld et al. 2005; Lawler 2005; Joannis et al. 2007) . When strict protocols are applied, turbidity sensors are able to provide accurate and reproducible data, both in the laboratory and in situ (Joannis et al. 2007) . Turbidity can therefore be used in several operational applications. Most pollutants are in fact conveyed by total suspended solids (TSS) (Chebbo et al. 1995; Ashley et al. 2005) , and a linear relationship between turbidity and TSS can often be established (Deletic & Maksimovic 1998; Maré chal 2000; Mels et al. 2004; Fletcher & Deletic 2007) , although this relationship is capable of varying over time. In this paper, we will consider turbidity signal as representative of TSS dynamics and will concentrate on the implementation of turbidity monitoring for pollution-based real time control (P-RTC). The objective herein is to assess the extent to which turbidity contains information not included in hydraulic flow dynamics, which in turn could be used to optimise the collection and treatment process. This paper investigates the potential for P-RTC using turbidity measurements to direct wastewater flow towards the appropriate facility (storage and/or treatment) or to the receiving water, depending on the TSS level. For instance, should storage facilities display a fairly high filling rate, it might be decided to keep the remaining volume available for heavily polluted flows and to discharge wastewater with lower turbidity values into the receiving water Klepiszewski 2005) . Even though turbidity dynamics cannot be forecasted, an optimal turbidity threshold could still be derived from simulations with a yearly and/or storm event time scale. In a similar manner, if a treatment facility (tank or treatment plant) is limited by discharge or volume and receives wastewater from different catchments, the higher pollution discharge can be accepted as a priority, depending on turbidity levels monitored on each catchment (Gogien et al. 2004 ).
Description of sites and equipment
The work presented herein has been conducted within the scope of the OPUR (Observatoire des Polluants URbains en Ile-de-France) research programme devoted to the Paris region. This programme addresses the generation, transport and treatment of pollutant loads due to both stormwater runoff and discharge. In this context, two sites located within the combined sewer network (denoted "Quais" and "Clichy") were equipped with two redundant turbidity sensors (with attenuation at 880 nm and calibration using formazin), a conductivity sensor and a flow-rate sensor. 
Storm event characteristics
The delimitation of each storm event has been carried out by using flow rate and conductivity data. The beginning of the event is identified by the rise in flow that occurs simultaneously with a sharp drop in conductivity signal, while the end of the event is marked by a gradual return to dry weather conditions. Each rainfall event was summarised by several parameters: † total volume of the event per impervious hectare A very large database is thus generated for each event, including: Quais and a 83 £ 7 matrix for Clichy, to be built using
the column headings for each rainfall event (listed in the rows).
Data analysis

Study organisation
First of all, the variability in turbidity responses from one event to the next was analysed both by comparing output signals from flow and turbidity sensors over the entire study period and by classifying the response patterns observed during each rainfall event. Secondly, the variability in TSS mass distribution within each event was investigated by
which provided an initial assessment of the potential interest in turbidity monitoring for P-RTC. This variability was then investigated with respect to different hydrological parameters through a principal components analysis (PCA).
Data analysis tools
All data were processed within a Scilab environment.
Scilab is a freeware package (available from the Website:
www.scilab.org) and very similar to Matlab. The M(V) curves were calculated with Scilab using turbidity for the TSS mass calculation, as explained above. The matrix of characteristics was also normalised and centred, and the PCA was carried out by using the set of Scilab statistical tools.
RESULTS AND DISCUSSION
Comprehensive analysis of turbidity and flow signal Results obtained at the Quais site are quite similar.
Characteristics of turbidity responses to rainfall events
In order to highlight the variability in turbidity responses, the characteristics of turbidity recordings were sorted into four distinct behavioural types (Table 2 ). This classification focuses on just turbidity behaviour and does not consider the actual flow-rate pattern: further variability would be observed if both the number and location of peaks within each event were to be included.
The objective of our study is not to design a detailed model that ties turbidity to some other parameters, but instead to check for possible redundancy between turbidity Langeveld et al. 2005) . No trend could be found however, except for shear stress: high shear stresses can coincide with high turbidity levels as a result of the re-suspension phenomenon, yet this is not the case for all turbidity peaks (Langeveld et al. 2005) . In another study, the dilution phenomenon has been correlated with very short The characteristics of these selected events have been reported in Table 3 .
Events 13 and 84 from Clichy provide an illustration of the various attributes of storm event turbidity responses (Figure 2 ). Event 13 leads to a high turbidity response with an increase throughout the entire event and with a peak at a high turbidity level. On the other hand, turbidity does not react to the flow for event 84, and this turbidity signal resembles a dry weather period signal. These two events still display similar parameters for both the antecedent dry weather period and maximum flow rate (Table 3) .
Intra-event analysis using M(V) curves
Objectives
The previous section has highlighted the variability in 
Classification of M(V) curves
A fairly broad spectrum of M(V) curves can be observed. In an attempt to identify regularities within this variability, we undertook sorting M(V) curves into a few types. 
Influence of flow and turbidity parameters on distribution
Turbidity data are not directly required to control events belonging to Groups A and B, provided precise group affiliation is known. As a result, it would be beneficial to be able to predict affiliation to a given group. To investigate this possibility, a principal components analysis (PCA) was carried out by using the parameters that describe the rainfall events contained in our database, i.e. Dt ant and T m , and 0.35 between Dt ant and T max ). On the whole, very low correlations between variables were found, except for Q m and Q max (whose correlation factor equals 0.91), which is a logical result (see Figure 5a ).
Each group of data has been plotted on the first two principal axes. Moreover, for each group of normalised and centred data, the centre of gravity, i.e. the barycentre, has also been calculated. The projections do not reveal any trend. The barycentre coordinates of each group all lie near the origin (Figure 5b ). The PCA therefore does not indicate any data structure within the group distribution, which may be explained by the selected parameters. Other more successful parameters might exist, yet for the time being they remain undisclosed.
The conclusion of this analysis is that turbidity data might be useful in performing P-RTC, even for simple intra-event mass distribution patterns (Groups A and B),
given that such events cannot easily distinguished from more complex events in Group C, which require a continuously-updated knowledge of turbidity.
CONCLUSION
Based on one year of continuously recorded turbidity, flow-rate and rainfall data for two sites, a comparison of turbidity dynamics with respect to both hydraulic flow dynamics and overall rainfall event characteristics leads to the following conclusions. † Turbidity dynamics appear to be highly variable and cannot be simply derived from hydraulic flow dynamics, either for different rainfall events or within the same event. † A study of M(V) curves emphasises this variability and demonstrates that for more than 50% of storm events, a P-RTC system could potentially prove more efficient by using continuous turbidity measurements. † Rainfall events, for which turbidity measurements do not directly improve storm weather management (e.g. when pollutant mass has to be intercepted from the beginning of the event), cannot be identified merely by knowing the characteristics of rainfall events; hence, real time turbidity information remains useful when performing a proper P-RTC of these events.
More studies are needed to verify whether variability remains the same or depends on certain unique features of the catchment.
Subsequent work will involve the design of P-RTC strategies based on turbidity data for typical facility setups. Simulations could then be performed by combining turbidity and flow-rate time series from actual catchments with virtual set-ups. This effort will be aimed at assessing the benefit of P-RTC using flow-rate and turbidity data in comparison with RTC, which relies solely upon flow-rate data.
All our results are based on a strong correlation between turbidity and TSS. For other pollutants, such as metals or hydrocarbons, further research would be necessary to assess the relationship between turbidity and the pollutant parameters. The M(V) curve patterns would then be allowed to differ for other pollutants.
